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Abstract
A large literature on “detection and attribution” has now demonstrated the influence of anthropogenic
greenhouse gas emissions on a range of physical climate variables (1–7). Social and economic outcomes
are known to be sensitive to climate change (8, 9), but directly connecting observed changes to
anthropogenic forcing is challenging (10). Here I demonstrate that changes in global productivity of
maize, wheat, and rice production since 1960 can be formally attributed, with high confidence, to
anthropogenic warming. Specifically, I show that there is less than 10% probability that the pattern of
changes in yield growth across crops and countries would have arisen in the absence of anthropogenic
warming. Although the total effect of warming is small relative to the change in yield since 1960, it has
produced a distinctive fingerprint on the pattern of yield growth, characterized by a slowing of wheat
yield gains in warmer areas and an acceleration of rice yields in cooler regions. The net effect has been
negative, reducing global calorie production from these crops by 5.7% per year. This therefore provides
early evidence that anthropogenic warming is already having a discernable effect on socio-economic
systems at the global scale.
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Main Text
Changes in many physical climate variables, including atmospheric temperature (1, 11), ocean heat
content (6), streamflow (6), and the distribution and intensity of rainfall events (3–5), have now been
detected and formally attributed to greenhouse gas emissions. Attribution of observed changes requires
identifying a spatio-temporal pattern (or ‘fingerprint’) associated with anthropogenic climate change,
demonstrating this pattern in observations, and showing that this pattern could not have arisen in the
absence of anthropogenic emissions.
Many social and economic outcomes, ranging from aggregate economic productivity (12) to conflict (13)
to human health (14), are thought to be sensitive to climate change. But attribution of observed changes
to greenhouse gas emissions is extremely challenging: climate and weather explain only a small fraction
of spatial and temporal variance in most outcomes; the response to climate drivers may be
heterogeneous, non-linear, and poorly understood; observations at large geographic scales over
sufficiently long time spans may be unavailable or unreliable; and the influence of many other drivers,
some of which may be unobserved, confounds the climate change signal (10, 15). Only a tiny fraction of
studies assessed by the IPCC dealt with observed impacts in human and managed systems, and
confidence in the attribution of impacts to anthropogenic climate change ranged from very low to
medium(15).
Agriculture is an economic sector that is both highly exposed and sensitive to climate change. A large
literature has now established that yields respond to temperature fluctuations and that future warming
will likely negatively affect agricultural productivity (16–20). Nevertheless, the dominant feature of
yields in the second half of the 20th century has been a large and steady increase associated with higher
use of inputs and large technological improvements (Supplementary Figure 1a). A stagnation of yield
growth since the 1990s, particularly for wheat, has been widely documented (21–23), with a variety of
possible explanations advanced including slowing of R&D spending due to low prices, restrictions on
fertilizer use in Europe, or biophysical limits to yield (24).
Supplementary Figure 1b shows the distribution of changes in yield growth by crop and climate region
between 1961-1980 and 1998-2017. The slowing of yield growth, particularly for wheat, has been
concentrated in the warmest part of its growing area, while both rice and maize have seen smaller gains
in the very coldest parts of their range. Growing season warming trends over growing areas have been
documented in many locations (25). This observation, combined with the fact that the biological
response of crops to warming is generally more positive in cold places and more negative in warm
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places (26, 27), means the patterns shown in Supplementary Figure 1b are at least consistent with an
emerging signal of anthropogenic warming on global yield growth.
However, causally connecting anthropogenic warming with the global pattern of changes in crop yield
growth requires several steps. The observation that there has been warming over many growing areas
during the growing season is not evidence that agriculture has been exposed to anthropogenic warming
without a formal assessment of the likelihood of this warming occurring in the absence of greenhouse
gas emissions. Natural variability at the subnational scale, even on multi-decadal time spans, is fairly
large (28, 29) meaning counterfactual simulations of natural variability without greenhouse gas
emissions are required to formally attribute observed warming to anthropogenic emissions. Although
emergence of the anthropogenic signal in surface temperatures is well-established (11, 30), attribution
of growing season temperature trends to human activity has only previously been done for western and
northern Europe (31).
Second, the attribution of observed yield trends to warming requires ruling out other potential drivers.
This is particularly difficult in most human and managed systems because climate fluctuations typically
explain only a very small fraction of variation in outcomes. Although some previous work has estimated
the effect of observed weather trends on crop yields using both empirical and process-based crop
models (25, 32–38), this literature has not connected estimated impacts to observed yield trends nor
attempted to distinguish the role of warming from other drivers of yield, with the limited exception of
French wheat yields (39). Detection and attribution requires establishing the likelihood of observations
in the absence of greenhouse gas emissions and this has not been previously done for any human or
managed system at the global scale.
This paper drives an empirical crop model with temperature changes from two large ensembles of the
CESM over the 20th century (LENS); one using all human and natural forcing (40 members, referred to as
the “historical ensemble” in this paper) and one using all human and natural forcing except greenhouse
gas emissions, which are fixed at 1920 levels (20 members, referred to as the “counterfactual ensemble”
in this paper) (40). The natural variability in historical temperatures represented in the climate model
ensembles is convolved with uncertainty in the yield response to temperature change and uncertainty in
non-temperature drivers of yield, captured in the empirical crop model, to give distributions of possible
yield trajectories between 1961 and 2017 for 287 crop-country combinations. Aggregating into a onedimensional index designed to maximize power to detect the climate change signal, I show that the
observed global, multi-crop pattern of yield trends is both consistent with historical forcing and
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Figure One: Detection of anthropogenic warming signal over global crop areas and seasons. a) Observed change
in growing season temperature over wheat, rice and maize growing areas (grid cells with >50 Ha combined in 2000
(41)) between 1961-1970 and 2008-2017 (42). Growing-season trends for the three crops are a calorie-weighted
average of production for each grid cell. Grey crosses indicate areas where the observed warming is less than the
95th percentile of warming over the same period observed in the counterfactual climate model ensemble, which
omits forcing from greenhouse gas emissions since 1920. b) Weighted average of growing season temperature
trends for wheat, rice, and maize, aggregated based on calorie production in 2000, from the LENS ensemble under
historical (40 members) and counterfactual forcing (20 members). Also shown is the observed warming of 0.8°C
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inconsistent with a counterfactual world without anthropogenic warming, demonstrating that the
anthropogenic signal emerged by the early 2000s and that it is now very likely (probability >90%) that
anthropogenic warming has affected global crop yield development (additional details Methods,
Supplementary Figure 2).
Figure 1 demonstrates that an anthropogenic warming signal has emerged over crop growing areas
during the growing season. Figure 1a shows observed growing-season warming over wheat, rice, and
maize growing areas between 1961-1970 and 2008-2017, the period for which global yield data exist,
and a comparison to the distribution of warming trends from the counterfactual climate model
ensemble. Observed growing-season warming almost everywhere can not be explained without
greenhouse gas emissions, a notable exception being the “warming hole” over the US Midwest
previously documented (43, 44). Aggregating to the global level on a calorie-production-weighted basis,
the observed warming of 0.8°C is consistent with the distribution under historical forcing but not under
the counterfactual forcing. The probability that greenhouse gas emissions were necessary and sufficient
to cause the growing-season warming trend over growing areas observed during this time period (PNS, a
measure of the separation of the historical and counterfactual distributions (45, 46)), is greater than
0.9999.
Supplementary Figure 3 shows the observed growing season rainfall changes over the 1961-1970 to
2008-2017 period, also compared to the counterfactual forcing distribution. Unlike temperature, an
anthropogenic signal in growing-season rainfall has not emerged over many areas over this time period.
This is not surprising given the substantial internal variability in decadal rainfall patterns (29, 47). The
detection exercise therefore focuses only on the warming effect of anthropogenic greenhouse gas
emissions, controlling for the effect of observed changes in rainfall on crop yields, but not attempting to
attribute those changes to anthropogenic influence (Supplementary Figure 2).
Figure 2 show the sensitivity of crops to warming estimated in the empirical crop model. The model
specification follows Lobell et al. (25) and includes country-crop fixed-effects (dummy variables), cropyear fixed-effects, and country-crop quadratic time trends that control for all time-invariant differences
and smoothly varying effects on yield, as well as controls for seasonal rainfall. The model recovers now
well-established features of the yield response to temperature for staple crops from both empirical and
process-based models: warming is generally worse at higher than at lower temperatures, wheat and
maize are more sensitive to warmer temperatures than rice, which benefits in the cooler parts of its
range (26, 27, 48). Findings are also quantitatively similar to previous findings. For instance, Zhao et al.
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Figure Two: Sensitivity of Crop Yields to Warming. Effect of 1°C warming at different growing-season temperatures (marginal effect) estimated from the
empirical crop model using three datasets for observed temperatures (Methods) for maize, rice and wheat. Values greater than zero indicate warming has a
positive effect and less than zero indicate a negative effect. Shaded areas show the 95% confidence intervals using the CRU dataset, with residuals clustered at
the country level to account for temporal autocorrelation and cross-crop correlations. Histograms show the distribution of observed growing season
temperatures.
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(17) estimate a one degree increase in temperature would reduce maize, wheat and rice yields by 7.4%,
6.0% and 3.2% respectively based on a large ensemble combining multiple process-based and empirical
yield models. This compares to area-weighted average global effects of 4.0%, 4.8, and 4.2% yield
reductions for maize, wheat and rice respectively estimated here. Given the uncertainty in both studies,
these are statistically indistinguishable from each other. The estimated response is also robust to
alternate observed temperature datasets (Figure 2). There are multiple pathways through which hot
temperatures reduce yields, with several papers pointing to the important role of higher vapor-pressure
deficit in driving evapo-transpiration that lowers available soil moisture late in the growing season (16,
49, 50). Other mechanisms include direct damage during the reproductive phase of the crop life-cycle
and accelerated senescence that limits grain filling (51, 52).
Supplementary Figure 4 shows the estimated response to growing season precipitation. The effect is in
the expected direction, with higher rainfall most beneficial in dry regions, providing declining benefits in
wetter areas. The estimates are empirically fairly small compared to temperature: an increase of 10% in
growing season rainfall, approximately double the mean observed absolute change in growing season
precipitation since 1961, increases yields of maize, wheat, and rice by 1.4%, 0.4%, and 0.2% at the
median. Except for maize, these are not statistically distinguishable from zero. These results follow
previous findings in the literature, which has generally found trends in growing season rainfall to be not
clearly distinguishable from zero and the empirical effects on crop yields to be small (25, 26, 49, 53).
In addition to controlling for observed growing-season rainfall, the empirical crop model controls for
non-temperature drivers of yield through both country and crop-specific quadratic time trends that
control for smooth, non-linear drivers of yield, and crop-year fixed-effects (dummy variables) that
flexibly capture all crop-specific global yield shocks (Methods). Together, these account for the genetic
progress in crop varieties, smooth increases in input use, and all other smoothly-varying or common
global factors that might affect yields. Evidence for the effect of climate change is identified using
deviations away from these time trends (additional discussion in Methods)
Figure 3a shows the change in yield between the first and last ten years of the sample (1961-1970 and
2008-2017) not explained by either the country-crop time trends or the crop-year fixed effects. The
observed pattern shows a substantial slowing of yield growth, particularly for wheat and maize in parts
of Africa and South America, as well as accelerations of rice yield growth in temperate parts of Europe,
South America, and southern Africa, which have only small growing areas compared to the major rice
producers in Asia. Figure 3a also shows the same measure of crop yield changes derived from two 5009

Figure Three: The spatio-temporal pattern of
observed and simulated yield changes. a) Maps
of the change in yield between the baseline
(1961-1970) and recent (2008-2017) periods not
determined by crop-year fixed-effects or countrycrop time trends for observations (top), mean of
the historical forcing simulations (middle) and
mean of the counterfactual forcing simulations
(bottom). b) Plots of the correlation between the
observed and simulated yield deviations shown in
panel a.
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member yield ensembles generated by connecting the historical forcing and counterfactual forcing
ensembles with the empirical yield model. These ensembles account for four sources of uncertainty: 1)
internal climate variability (via the climate model ensemble), 2) the yield response to temperature
change (by sampling the parameters of the yield model), 3) variance in non-temperature factors in the
empirical yield model (by sampling parameter values), and 4) the variation in yield unexplained by the
empirical model (by sampling the residual distribution of the yield model).
The historical forcing ensemble captures important characteristics of the observed pattern of yield
growth since 1960, particularly slowing wheat yield growth over much of Africa and Europe and
accelerating rice yields in cooler growing regions. These patterns are not apparent in the counterfactual
forcing ensemble (Figure 3a). Figure 3b shows the correlation between observed yield changes and the
ensemble means, confirming that simulations using historical forcing capture observed patterns across
crops and countries (p<0.0001), while counterfactual simulations excluding greenhouse gas forcing do
not (p=0.2).
While patterns from the ensemble means are suggestive, the variance resulting from convolving the
range in the CESM ensemble with uncertainty in the parameters of the yield model is substantial. For
any one crop-country combination, the probability of necessary and sufficient causation (PNS) does not
exceed standard confidence levels (Supplementary Figure 5). The highest PNS of 79% is seen for positive
effects of warming on Peruvian rice yields. However, although the signal of anthropogenic warming has
not emerged strongly for any specific crop in any specific country, it is still possible that all 287 cropcountry combinations in the sample show, in aggregate, the influence of anthropogenic warming.
In order to assess the aggregate global and multi-crop evidence for the influence of anthropogenic
warming, I combine yield changes between the baseline and recent periods for all countries and crops
into a single yield index. Index weighting is determined by the estimated signal-to-noise ratio of
anthropogenic warming for that crop and country, in other words the magnitude of the warming signal
divided by the empirical variance in the estimated signal defined using a training set of one third of the
simulations (Methods). This weighting maximizes statistical power to detect the anthropogenic signal
(45) since it accounts for the different response of crops to temperature change (i.e yield increases in
some areas and decreases in other areas could both be consistent with the anthropogenic effect),
variation in the exposure and sensitivity of crops to anthropogenic warming, and heterogeneity in the
uncertainty of the estimated anthropogenic effect. The change in yield between a 1961-1970 start
period and a 2008-2017 end period for each of the 287 crop-country combinations are aggregated into a
one-dimensional index using this optimized weighting, shown in Supplementary Figure 6.
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Figure Four: Identification and emergence of the signal of anthropogenic warming on global crop yields. a)
Distribution of the global, multi-crop index of yield changes under historic and counterfactual forcing. Dashed line
gives the threshold index value for a statistical test that maximizes the PNS. Observed values to the left of this
threshold give evidence of a detected anthropogenic effect. Black line gives the observed value of the yield index,
dotted lines give the quantiles defining the central 95% of the two distributions. b) Distributions of the index value
over time using a rolling 10-year end-period showing the emergence of the anthropogenic warming signal. Each of
the 335 simulations in the testing set of the historical and counterfactual forcing simulations is shown (thin lines)
as well as the distribution means (thick lines) c) Separation of the index distributions under historical and
counterfactual forcings, quantified using the probability of necessary and sufficient causation. Probabilities
corresponding to “likely” (66%) and “very likely” (90%) are from Mastrandrea et al. (54)
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Figure 4a shows the distribution of this global multi-crop yield change index under historical and
counterfactual forcing for the 335 simulations excluded from the training set used to estimate index
weights (Methods). The distributions are clearly well separated, with a maximum PNS of over 96%. A
test to detect the anthropogenic signal divides possible index values into two regions - those consistent
and those inconsistent with the influence of anthropogenic warming – with the threshold value chosen
so as to maximize statistical power (dashed line, Figure 4a). Observed values of the yield change index
are well within the region of detected anthropogenic influence, consistent with historic but not
counterfactual forcing.
Figures 4b and 4c show the emergence of this anthropogenic warming signal over the end of the 20th
century by calculating the yield change index between the 1961-1970 start period and a rolling 10-year
end period ending between 1980 and 2017. The index values in Figure 4b show a large secular trend in
all simulations, reflecting significant gains in yield over this time period due largely to improved
technology and increasing inputs. This non-stationarity even in the absence of climate change has been
identified previously as a major challenge to the detection and attribution of climate change impacts in
human and managed systems generally (10). However, Figure 4b also shows the gradual separation of
the two distributions over time, producing the well-separated distributions shown in Figure 4a by 2017.
Observed index values consistently track the historical forcing simulations and can not be explained by
counterfactual forcings. Figure 4c quantifies the time of emergence of the anthropogenic warming signal
showing the increasing separation of the two distributions, measured using PNS, over time. It is very
likely (probability greater than 90%) that global crop yield growth since the early 2000s has been
influenced by anthropogenic warming.
Because the identified signal of anthropogenic warming on crops includes both reductions in wheat
yields and increases in rice yields in certain areas, the net effect on caloric production is ambiguous. I
therefore quantify the effect of anthropogenic warming on global food security by aggregating the
difference in agricultural production in the historic and counterfactual forcing simulations to the global
level (Supplementary Figure 7a). The net effect on calorie production has been negative, dominated by
wheat and maize, which are both more widely grown and more calorie dense than rice. In the 20082017 end-period, the central estimate is that warming from anthropogenic greenhouse gas emissions
has reduced calorie production from wheat, rice, and maize, by 5.7%. Assuming a daily caloric
requirement of 2,500 calories and allowing for 35% post-harvest losses (55), this is an amount sufficient
to feed 315 million people.
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The country-level calorie effect from anthropogenic warming is given in Supplementary Figure 7b. A
consistent geographic signal is not strongly apparent due to counteracting effects from the sensitivity
and exposure of crops to anthropogenic warming: crops in tropical areas are more sensitive to warming
(Figure 2) but the magnitude of anthropogenic warming is larger in temperate countries (Figure 1a).
Reductions of more than 10% in calorie production, relative to the case without anthropogenic warming,
are apparent in parts of the Middle East and Central Asia (namely United Arab Emirates, Kazakhstan,
Kuwait, and Oman). Net positive effects on calorie production are smaller and are limited to cooler riceproducing regions (particularly Japan and South Korea).
It is important to note that the yield impacts described here are those associated with the warming
effect of greenhouse gas emissions, not with the effect of greenhouse gases themselves or with all
radiatively-active anthropogenic emissions. Carbon dioxide has a directly beneficial effect on crops: a
simple calculation based on a recent meta-analysis (27) suggests that CO2 fertilization over the 19612017 period has raised yields of C3 crops (rice and wheat) by 7.1% and of C4 crops (maize) by 6.0%. These
are more than enough to offset, at a global level, the negative effects of anthropogenic warming
documented here. However, the effect of radiatively-active short-lived polluters such as aerosols and
tropospheric ozone are also not considered. These affect crops through a number of pathways, including
reducing the solar radiation available for photosynthesis, scattering incoming radiation, and direct ozone
toxicity, in addition to their effects on local temperature (additional discussion in Methods) (34, 56).
These effects are poorly constrained, but within certain regions, the negative effect is estimated to be
much larger than benefits from CO2 fertilization (34).
The influence of greenhouse gas emissions on the physical climate system is now well demonstrated (3,
4, 11) and a growing body of literature has documented the sensitivity of socio-economic outcomes to
changes in climate (8, 9). However, directly detecting the signal of anthropogenic emissions on these
outcomes is challenging because climate change may be only a small driver of change, and other key
factors may be unobserved, unquantifiable, or poorly understood. Nevertheless, this analysis shows
anthropogenic climate change has likely already had a discernable influence on global agricultural
production. It is probable that continued global warming will lead to larger effects on agriculture as well
as global emergence of the anthropogenic climate change signal in other economic sectors.
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Methods
A schematic illustration of the method used in this paper is given in Supplementary Figure 2. Growing
season temperature change under historical forcings (40 members) and the counterfactual forcing that
omits greenhouse gas emissions since 1920 (20 members) are from two large ensembles of the CESM
model (40). Although many detection and attribution studies have compared the effect of historical to
natural forcings, netting out the effect of aerosol cooling from greenhouse gas warming, this would
greatly complicate the yield analysis. Aerosols affect crops not only via growing season temperature but
also by changing the sunlight available for photosynthesis and by altering the scatter of incoming
radiation (56, 57). This effect is not empirically well constrained on a global scale and varies by aerosol
species (57), meaning including the aerosol effect would add substantial uncertainty to the yield
response modeling. Tropospheric ozone is similarly complex in that, in addition to its effect on climate, it
is also directly toxic to crops. The yield effects of ozone and aerosols through these ‘non-climate’
pathways is likely much larger than their effect on crops via changes in temperature (57). Accordingly
this paper focuses only on the causal effect of radiative forcing from greenhouse gas emissions using the
CESM ensembles.
Since the CESM is the only model to run these leave-one-out detection and attribution ensembles,
climate model uncertainty is not sampled in the analysis. Supplementary Figure 8a provides a
comparison between observed terrestrial temperature change since 1960, the LENS distribution, and
the CMIP5 inter-model spread (58). Natural variability captured by the LENS overlaps with a large
majority (lower 75%) of the CMIP5 distribution. The upper 25th percentile of the CMIP5 distribution
simulates rapid warming since 1990 that is outside the LENS distribution. But this upper tail is also
substantially larger than warming in the observational record. Supplementary Figure 8b compares the
LENS distribution to observed country-crop-level changes in growing-season temperature over growingareas. While there is no evidence of systematic bias in the LENS warming rates, there is evidence that
the range of observations is wider than captured by the LENS. This could be consistent either with noise
in observational data or an under-sampling of natural variability by CESM.
Comparison to both observations and the CMIP5 distribution therefore suggests it is possible that
reliance on a large ensemble from a single model may somewhat understate the true variance in
temperature change, leading to overconfidence in identification of the anthropogenic signal. However,
this effect is unlikely to substantively affect the main conclusions of the study for two reasons. Firstly,
the LENS distribution is missing only the highest 25th percentile of warming from the CMIP5 ensemble.
This means that expanding the temperature distribution to account for the models at the high-end of
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the CMIP 5 distribution would likely increase the estimate of the anthropogenic warming signal, since
these models appear to display a higher sensitivity to anthropogenic forcing. This would lead to a larger
estimated effect on crop yields and greater confidence in the detection result. Secondly, temperature
variability is a relatively small driver of variance in the simulated index values. The distribution of index
values under historical forcing using only LENS temperature variability, ignoring parameter or residual
uncertainty, reduces variance by 79%, implying the empirical yield model accounts for the large majority
of index variance. Therefore, it is unlikely that a small expansion of the distribution of temperature
changes, consistent with observations or the CMIP5 inter-model spread, would overturn evidence for
the anthropogenic signal.
National yield data for maize, wheat, and rice from 1961-2017 from the Food and Agriculture
Organization (FAO) (59) is used for the empirical yield model. Although national-level FAO data are
known to contain measurement error, it is the only source of global, multi-crop yield data over a timespan long enough to identify the emergence of a climate change signal. To the extent FAO yield data is
noisy, this will increase standard errors and residual variance, but will not bias estimates of the
temperature effect on yield (60). Because both uncertainty in the yield response function and residual
variance are sampled in the detection and attribution analysis, this will tend to increase the variance of
the index distributions, leading to more overlap between the historical and counterfactual distributions
and therefore a more conservative detection and attribution finding.
Yield data is merged with observations of temperature and precipitation from the Climate Research
Unit, aggregated as described above using growing-season dates and growing areas (41, 61, 62). For
winter wheat, the growing season is taken to be the four months prior to harvest date. To check
robustness to alternate observational datasets, the yield model is also estimated using the Berkeley
Earth temperature dataset (with CRU precipitation data) (63), and the University of Delaware
temperature and rainfall datasets (64, 65). Growing area data and the calorie density of wheat, rice, and
maize are also taken from the FAO (59).
An empirical model of yields is specified as follows, similar to the specification in Lobell et al. (25):
log(𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 ) = 𝛽𝛽1𝑐𝑐 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖 𝐼𝐼𝑐𝑐 + 𝛽𝛽2𝑐𝑐 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖 2 𝐼𝐼𝑐𝑐 + 𝛽𝛽3𝑐𝑐 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 𝐼𝐼𝑐𝑐 + 𝛽𝛽4𝑐𝑐 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 2 𝐼𝐼𝑐𝑐 + 𝛽𝛽5𝑖𝑖𝑖𝑖 𝑡𝑡𝐼𝐼𝑖𝑖𝑖𝑖 + 𝛽𝛽6𝑖𝑖𝑖𝑖 𝑡𝑡 2 𝐼𝐼𝑖𝑖𝑖𝑖 + 𝜃𝜃𝑖𝑖𝑖𝑖 + 𝜗𝜗𝑐𝑐𝑐𝑐 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 (1)

Where 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 is the yield of crop c in country i in year t, 𝛽𝛽1𝑐𝑐 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖 𝐼𝐼𝑐𝑐 + 𝛽𝛽2𝑐𝑐 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖 2 𝐼𝐼𝑐𝑐 are crop-specific quadratics
in growing-season temperature and 𝛽𝛽3𝑐𝑐 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 𝐼𝐼𝑐𝑐 + 𝛽𝛽4𝑐𝑐 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 2 𝐼𝐼𝑐𝑐 are the same in growing-season

precipitation. The 𝛽𝛽5𝑖𝑖𝑖𝑖 𝑡𝑡𝐼𝐼𝑖𝑖𝑖𝑖 + 𝛽𝛽6𝑖𝑖𝑖𝑖 𝑡𝑡 2 𝐼𝐼𝑖𝑖𝑖𝑖 terms are crop*country specific quadratic time trends, which

capture smoothly trending, unobserved, country-crop specific factors affecting yield such as
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technological progress. 𝜃𝜃𝑖𝑖𝑖𝑖 is a set of country-crop specific fixed-effect (dummy variables) capturing all

time-invariant differences between crop yields and 𝜗𝜗𝑐𝑐𝑐𝑐 is a set of year-crop fixed-effects capturing all
changes in yield that are common across countries.

For regression stability, temperature and precipitation are normalized prior to estimation. In addition,
only country-crop combinations with at least 15 years of data are included. This gives 355 country-crop
combinations and a total of 18155 observations. Estimation is done using Ordinary Least Squares (OLS)
with standard errors clustered at the country level, allowing for arbitrary correlation of residuals across
years and crops within a country. The regression model in total explains 92.8% of the variance in the
dependent variable (R2=0.928).
Since a large part of the anthropogenic warming signal is either global or smoothly changing at the
country level, this variation is captured in the year-crop fixed effects (𝜗𝜗𝑐𝑐𝑐𝑐 ) and the country-crop

quadratic time trends (𝛽𝛽5𝑖𝑖𝑖𝑖 𝑡𝑡𝐼𝐼𝑖𝑖𝑖𝑖 + 𝛽𝛽6𝑖𝑖𝑖𝑖 𝑡𝑡 2 𝐼𝐼𝑖𝑖𝑖𝑖 ). Parameters of the yield-temperature response function
(𝛽𝛽1𝑐𝑐 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖 𝐼𝐼𝑐𝑐 + 𝛽𝛽2𝑐𝑐 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖 2 𝐼𝐼𝑐𝑐 ) are estimated using residual variation in country-level growing-season

temperature after controlling for these global changes and smooth time trends. This principally reflects
inter-annual weather variability (see illustration for French wheat temperatures in Supplementary Figure
9). This residual weather variation used to estimate the response function parameters is quasi-random
and therefore highly unlikely to be correlated with other factors affecting yield (66). To the extent the
parameters of the yield-temperature response, the year-crop fixed effects, and the country-level time
trends are co-determined due to long-term, smooth temperature trends, this will be captured as the
covariance between parameters of the yield model and accounted for in the uncertainty sampling
scheme used to produce the historical and counterfactual yield distributions in Figure 4.
A distribution of 500 possible alternate yield trajectories over the 1961-2017 period for each of the 355
country-crop combinations under both historical and counterfactual forcings is generated. These
distributions reflect three sources of uncertainty: natural variability captured by the CESM ensemble,
uncertainty in the parameters of the empirical yield model, and the variance in yields not explained by
the yield model, captured by the residual variation. For each simulation, I first sample growing season
temperatures uniformly from the historic and counterfactual ensemble, then estimate predicted yields
by combining sampled growing season temperatures with a draw from the estimated multivariate
distribution of parameters of the yield model, and finally simulate yields by adding a draw from the
residual distribution.
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A training set of one third of the simulations (n=165) is randomly drawn from the simulations. This is
used to calculate the optimal weighting of the global yield change index. Weightings in the index are
given by:
𝑊𝑊𝑖𝑖𝑖𝑖𝑖𝑖 =

∆�𝑦𝑦1𝑖𝑖𝑖𝑖 − ∆�𝑦𝑦0𝑖𝑖𝑖𝑖
𝑉𝑉𝑉𝑉𝑉𝑉(∆𝑦𝑦0𝑖𝑖𝑖𝑖 )

Where ∆�𝑦𝑦1𝑖𝑖𝑖𝑖 is the mean change in yield of crop c in country i in the historical forcing simulations

between the initial 10 years of the sample (1961-1970) and the final 10 years (2008-2017) in the training
set and ∆�𝑦𝑦0𝑖𝑖𝑖𝑖 is the same for the counterfactual forcing simulations (i.e. the signal of greenhouse gas

emissions on yield growth). The denominator is the estimated variance of yield changes in the

counterfactual simulations. Because some countries are missing data for the start period, the number of
crop-country combinations drops to 287 for this analysis.
The remaining two thirds (n=335) simulations are aggregated to a single index using the weightings
derived from the training set to produce distributions of the index under historical and counterfactual
forcings. The observed value of the yield index is calculated using the same weightings applied to
observed yield changes. The threshold value for the index, defining the region of identified
anthropogenic influence, is chosen as the value that maximizes the probability of necessary and
sufficient causation, which is the point of maximum separation of the CDF of the two distributions. For
Figures 4b and 4c, the yield change index is calculated for each simulation using a rolling 10-year end
period ending in each year from 1980 to 2017.
The estimated effect of anthropogenic warming on global calorie production from wheat, rice, and
maize is calculated as:
∆𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡 = � 𝐴𝐴𝑖𝑖𝑖𝑖𝑖𝑖 𝑘𝑘𝑐𝑐 ∆𝑦𝑦�𝑖𝑖𝑖𝑖𝑖𝑖
𝑖𝑖𝑖𝑖

Where 𝐴𝐴𝑖𝑖𝑖𝑖𝑖𝑖 is the area of crop c in country i in year t and 𝑘𝑘𝑐𝑐 is the calorie density of crop c. ∆𝑦𝑦�𝑖𝑖𝑖𝑖𝑖𝑖 is the

estimated change in yield due to anthropogenic warming. Uncertainty sampling in Supplementary Figure

7a uses a ceteris paribus assumption that is standard to the climate impacts literature, but is relaxed for
the detection and attribution analysis shown in Figure 4. Uncertainty sampling reflects natural variability
in temperature (from sampling the CESM ensembles) and uncertainty in the yield response to
temperature (from sampling the parameters of the temperature response function, 𝛽𝛽1𝑐𝑐 and 𝛽𝛽2𝑐𝑐 in

Equation 1).
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Supplementary Information

a)

b)

Supplementary Figure 1: a) Global observed, area-weighted yields over the sample period, 1961-2017.
b) Observed change in yield growth by crop and distribution of baseline (pre-1981) growing-season
temperatures between the first 20 years in the sample (1961-1980) and the last 20 years (1998-2017) in
percentage points (pp).
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Supplementary Figure 2: Schematic diagram of methodological approach in this paper
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Supplementary Figure 3: Observed change in growing season rainfall over wheat, rice and maize growing areas
(grid cells with >50 Ha combined in 2000 (41)) between 1961-1970 and 2008-2017 (42), given as % change relative
to baseline period. Growing-season trends for the three crops are a calorie-weighted average of production for
each grid cell. Grey crosses indicate areas where the observed change is within the central 95% of the distribution
from the counterfactual climate model ensemble that omits greenhouse gas emissions since 1920.
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Supplementary Figure 4: Estimated
marginal response of yields to growingseason rainfall in (mm per month) for
maize, rice, and wheat. The straight lines
are the gradients of the quadratic response
functions estimated using Equation 1
(Methods). Values above the x-axis
correspond to a positive response to
increased rainfall.
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Supplementary Figure 5: Probability of necessary and sufficient causation (PNS) by crop and
country. PNS measures the separation of the distribution of yield changes under historical and
counterfactual forcing and is the maximum separation of the two cumulative distribution
functions(46). PNS in this context can also be interpreted as the one minus the combined
probability of a false negative and a false positive given a threshold for the test statistic
designed to maximize PNS.

Supplementary Figure 6: Weightings by crop and country in the yield growth signal-to-noise index.
Weighting is based on the estimated signal to noise ratio of the anthropogenic effect of crop yields
(Methods). The index is also directional (i.e. takes positive and negative values), accounting for the fact
that the same warming signal might have opposite effects on yield depending on the crop and location.
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a)

b)

Supplementary Figure 7: Effect of anthropogenic warming on global calorie production. a) Effect of anthropogenic
warming on global calorie production from wheat, rice, and maize 1961-2017. Thin lines show 500 draws that
randomly sample from the distribution of internal climate variability (via draws from the historical and
counterfactual LENS ensembles) and uncertainty in the temperature response to yield (via draws from the
parameter distribution of the empirical yield model). Solid line shows the mean effect and dashed lines show the
empirical 90% confidence interval. Units are in billion person-year equivalents, assuming a caloric requirement of
2,500 calories per day and allowing for 35% post-harvest losses. b) Distribution of caloric change effect by country
(2013-2017 mean, % change relative to observed yields).

28

a)

b)

Supplementary Figure 8: Evaluation of
temperature changes in the CESM LENS.
a) Terrestrial temperature change 19612017 relative to the 1950-1979 mean for
the LENS historical forcing ensemble
(green lines), the CMIP5 ensemble (red
lines) and 3 observational datasets
(black lines). b) Observed changes in
growing season temperature over
growing areas for each country-crop
combination in the data, as a quantile of
the LENS distribution of temperature
changes for that crop and country.
Horizontal line shows expected value if
LENS distribution perfectly matched
observed natural variability. Overrepresentation in the lowest and highest
bins implies either noise in observations
or an under-estimate of natural
variability at this regional scale by CESM.
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Supplementary Figure 9: Figure showing the effect of regression terms on the variation used to
estimate the parameters of the yield-temperature response function (Figure 1 b-d), illustrated using the
example of French wheat (i.e. temperatures over wheat growing areas in France, during the French
wheat growing season). The raw data (red) shows a strong warming trend of 0.03°C per year (p<0.001).
Year fixed-effects remove the average global warming effect (yellow line). Since French wheat growing
areas are warming slightly faster than the global average, this reduces the warming trend to 0.01°C per
year (p<0.01) but does not remove it. The addition of country-crop specific quadratic time trends (green
line) fully removes the residual warming trend (p>0.5). This means that the year fixed-effects, country
time trends, and temperature response parameters are to some extent co-determined, a fact that will
be reflected in the covariance between these estimated parameters and accounted for in the
uncertainty sampling scheme used for the detection and attribution analysis.
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